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Abstract 
CO2 storage in deep brine-filled structures accompanied by brine extraction has several advantages over conventional 
large-scale storage schemes. Using conventional reservoir simulators to optimize CO2 injection/brine extraction 
requires a model of the petrophysical properties of the storage formation. When those properties are poorly 
characterized, a useful alternative tool is the Capacitance-
injection/extraction histories as input. One important characteristic of CRM is that it identifies the connectivities 
between injectors and extractors. We show the effectiveness of the method on a homogeneous aquifer with variable 
injection rates. We further describe a workflow that optimizes subsequent CO2 storage in the aquifer using the CRM 
model parameters obtained from the injection/extraction history. The approach is illustrated on a heterogeneous 
storage aquifer and the results show a significant improvement in the amount of CO2 stored in the aquifer. 
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1. Introduction 
Deep saline aquifers are good candidates for geological storage of CO2 captured from power plants. 
The standard storage procedure of injection of supercritical CO2 into deep structures without brine 
extraction imposes non-negligible risks [1][2]. Extraction of brine from the aquifer offers advantage over 
the standard storage procedure by greatly mitigating pressure elevation during CO2 injection [3][4]. 
Injection of supercritical CO2 and extraction of formation brine forms a CO2-brine circulation process in 
which the production of CO2 at an extraction well is to be minimized. Conventional optimization of this 
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process involves the usage of full-physics reservoir simulators [5][6]. This requires a well characterized 
storage aquifer as inputs to the reservoir simulators. However storage formations may often be poorly 
characterized, despite the effort of history matching to improve the knowledge of aquifer properties.  
Here we test an alternative to reservoir simulation for the optimization process, the Capacitance-
Resistance Model (CRM). CRM does not require a geologic model, but injection/production histories 
only. It has been used in the oil and gas industry for a decade to characterize the connectivities between 
injectors and producers [7][8][9]. The inputs are injection and production rates, which are routinely 
measured in the fields. Once model parameters are estimated, an optimization to improve net present 
value or oil recovery can be conducted [10].  
The characteristics of CRM provide advantages in CO2 storage projects that involve brine extraction. It 
allows a quick characterization of the storage aquifers once sufficient injection data have been 
accumulated. Here we describe a workflow to use CRM to optimize the amount of injected CO2 in 
subsequent time periods once the CRM model parameters are obtained by matching the injection history 
to date. The approach is illustrated on two synthetic storage aquifers. 
 
2. Model Summary 
We consider a storage scheme in which supercritical CO2 is injected into storage formation through 
wells. The CO2 then displaces the native brine in the aquifer. Meanwhile brine is simultaneously extracted 
from the aquifer through extractors placed a suitable distance from the injectors. CRM uses an inter-well 
connectivity model [8][11] to characterize the time-dependent effects of injectors on extractors. The 
connectivities (often called gains) and time constants are obtained from the model. The rate of each 
extractor is governed by the continuity equation 
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where qj(t) is the extraction rate of extractor j at time t, Ii(t) is the injection rate of injector i at time t, fij is 
the connectivity (gain) between injector i and extractor j, which physically represents the fraction of 
injected CO2 in injector i that contributes to extraction in extractor j, j is the time constant associated 
with extractor j and ni is the total number of injectors. 
Eq. (1) is a system of ordinary differential equations and can be solved analytically. Due to the fact 
that the recorded rates in the field are often in monthly basis, the solution is discretized over time and the 
rates are considered the average rates within a month. With proper physical constraints associated with 
model parameters, we formulate a nonlinear constrained optimization problem. By fitting the model with 
the injection/extraction histories to date, we obtain an estimate of the well connectivities and time 
constants.  
Once we obtain the model parameters of CRM, we can optimize subsequent CO2 storage in the 
aquifer, with the assumption that the model parameters do not change with time. Experience indicates this 
is a reasonable assumption for forecasts that do not extend far into the future. The objective function used 
here is based on the amount of CO2 that reaches the extractors and is produced from the storage 
formation. Minimizing this function is equivalent to maximizing the amount of CO2 stored in the aquifer. 
The detailed formulation of the objective function and description of the model is given in [12].  
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3. Case Studies 
In this section, we apply the CRM-based approach on two synthetic storage formations: one 
homogeneous, the other heterogeneous. The injection fluid is supercritical CO2. The extracted fluid is 
native brine initially, and a mixture of brine and CO2 after breakthrough of CO2 at the extractors. For this 
illustrative exercise, we create injection/extraction data by defining synthetic, time-varying rate schedules 
for the injectors, then computing the resulting extraction rates under constant BHP control using a full-
physics reservoir simulator and the synthetic geologic model. The injection rates and extraction rates 
generated in this manner are taken as inputs to the CRM.  
3.1. Homogeneous storage formation 
In the first case we illustrate the concept of the CRM, i.e. its ability to recognize well connectivities. 
We place five injectors and four extractors in a homogeneous aquifer (Fig. 1). The wells are 
symmetrically located so that the connections between well pairs should also be symmetric. We will use 
the CRM to test this expectation.  
 
Fig. 1. A homogeneous aquifer with a uniform permeability of 100 md. Five injectors are located at four corners and the 
center of the aquifer, and four producers are located halfway between each pair of the four corner injectors.  
We impose stepped injection rate schedules for the five injectors with a constant total rate (Fig. 2). 
Note the differences in the rates between the five injectors. The extraction rates generated under constant 
BHP control from a reservoir simulator are shown in Fig. 3. They show responses to the injection rates 
and vary with time and between each extractor. We take the injection rates and extraction rates into the 
CRM (Eq. 1), to identify the connections between wells.  
The well connectivities from CRM are plotted in Fig. 4. The lines starting from the injectors represent 
the connectivities to the extractors (the gains in Eq. 1). The longer the lines, the stronger the connection 
between the well pairs. Despite the difference in the rate profiles, the CRM successfully identifies the 
symmetry of the connectivities between well pairs in this homogeneous aquifer. 
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Fig. 2. Injection rates of supercritical CO2 imposed for 
each of the five injection wells in Fig. 1.  
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Fig. 3. Extraction rates of the four extractors (Fig. 1), 
corresponding to the injection rates in Fig. 2 and the 
same constant bottomhole pressure in each extractor. 
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Fig. 4. Connectivities between well pairs inferred by CRM from injection/extraction histories of Figs. 2 and 3 show 
symmetry in the homogeneous aquifer.  
3.2. Heterogeneous storage formation 
In the second case, we show the workflow of optimizing CO2 storage in a heterogeneous aquifer using 
the CRM. The heterogeneous aquifer is a two-permeability field with a permeability contrast of 500 md to 
50 md (Fig. 5). Five injectors and four extractors are distributed in the field in same locations as those in 
Case 1.  
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Fig. 5. A heterogeneous aquifer with a 500 to 50 md permeability contrast. The five injectors and four extractors are located 
in the same regular pattern as in Fig. 1.  
We again impose the stepped injection rate schedules for the five injectors with a constant total rate 
(Fig. 2). The extraction rates from the four extractors are generated under constant BHP control from a 
reservoir simulator (Fig. 6). Extractors P02 and P04 have higher rates because they are located in the 
high-permeability zone and therefore are connected to the injectors in the same zone, while P01 and P03 
are located in low-permeability zone and correspondingly have lower rates. Note that the permeability 
field in Fig. 5 is the true case and is not input to the CRM. Only the injection and extraction rates in Figs. 
2 and 5 are input for the CRM to build the well connectivities. 
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Fig. 6. Extraction rates of the four extractors in the heterogeneous aquifer (Fig. 5), corresponding to the injection rates in 
Fig. 2 and the same constant bottomhole pressure in each extractor.  
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The well connectivities between the five injectors and four extractors are illustrated in Fig. 7. Again 
the length of the bars represents the connection. For example strong connections exist between well pairs 
I03  P02 and I05  P04, which are consistent with visual inspection of high-permeability region in Fig. 
5.  
The model parameters of CRM (well connectivities and time constants) allow optimization of 
subsequent CO2 storage in the aquifer. As introduced earlier, the optimization seeks to minimize the 
amount of CO2 produced from the aquifer through the four extractors. The workflow is to fit a fractional 
flow curve for each extractor based on the amount of CO2 and water that is produced. Given intended 
overall injection rates, we are now able to predict the amount of CO2 that will be produced from the 
aquifer. Then we can formulate a nonlinear constrained optimization routine to minimize the produced 
CO2 by adjusting the injection rates of the five injectors.  
The CO2 production histories (Fig. 8) show that extractors P02 and P04 have breakthrough during the 
2500 days of injection specified in Fig. 2. This arrival carries useful information.  The CRM incorporates 
this information by means of a fractional flow parameter. Here we use an empirical power law fractional 
flow model [13] to describe the CO2 displacing brine process, given by 
,
1
1 j
brine jk jkb
j jk
q q
a CGI  (2) 
where subscripts j and k denote extractor number and time respectively, qjk is extraction rate, qbrine,jk is the 
brine portion of the extraction rate, aj and bj are fractional flow model parameters, and CGIjk is the 
cumulative amount of CO2 injected in the aquifer that reaches extractor j previous to time period k. 
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Fig. 7. Connectivities between well pairs in the 
heterogeneous aquifer (Fig. 5) inferred by CRM from 
injection and extraction histories.  
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Fig. 8. CO2 production rates from the four extractors. 
 
With the gains, time constants and fractional flow parameters from the first 2500 days of operation, we 
optimize the CO2 storage for the next 500 days. We compare the optimized injection schedule to the 
default case of keeping the injection rates the same as the rates in the previous 500 days (Table 1). In the 
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optimized case, the injection rates are allowed to vary between the upper and lower bounds, but their 
summation (i.e. the total injection rate) is required to remain the same as the base case. The optimal rates 
show that the injectors I03, I04 and I05 need to be shut down while injector I02 injects at its maximum 
rate and I01 also injects at high rate. This optimal rate allocation is consistent with our intuition for that 
because I03, I04 and I05 are located in high-permeability zone, further injection through these wells 
likely results large amount of CO2 arriving at the extractors.  
 
Table 1. Comparison of rate allocation between base case and optimal case 
Injector Base case (rb/day) Optimal case (rb/day) 
I01 400 470 
I02 100 1000 
I03 200 10 
I04 300 10 
I05 500 10 
 
 
We compare the cumulative amount of CO2 produced from the aquifer at the end of the optimization 
time period (3000 days), using the allocated injection rates (Table 1) by running the reservoir simulator. 
Figure 9 shows that the optimization strategy significantly decreases the amount of produced CO2 using 
the new rate allocation, i.e. only 10% of that in the base case. In other words, 90% of the CO2 that would 
have been produced by that time, could instead be stored in the aquifer. The tradeoff is that the injection 
pressure for the two remaining injectors is much larger. The objective function could be extended to 
account for the limits on injection pressure, the possibility of stimulating the injectors, drilling new wells 
etc. 
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Fig. 9. The cumulative CO2 production shows a significant decrease from the base case, when an optimal allocation of 
injection rates is imposed. Consequently storage rate and storage efficiency are much larger. 
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4. Conclusions 
CRM is a useful tool to identify connectivities between injectors and extractors for CO2 injection 
projects that involve brine extraction, especially for poorly-characterized storage aquifers. We test the 
CRM on a homogeneous aquifer and the results show that it has properly identified the well 
connectivities despite the variation of injection profiles. We describe a workflow to optimize CO2 storage 
in the aquifer using the CRM model parameters that are previously obtained from the injection history. 
The approach is illustrated on a heterogeneous storage aquifer and the results show a significant 
improvement in the amount of CO2 stored in the aquifer.  
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